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Abstract. In response to the first human outbreak (January - May 2005) of Saint Louis encephalitis (SLE) virus in Córdoba
province, Argentina, we developed an environmental SLE virus risk map for the capital, i.e. Córdoba city. The aim was to
provide a map capable of detecting macro-environmental factors associated with the spatial distribution of SLE cases, based
on remotely sensed data and a geographical information system. Vegetation, soil brightness, humidity status, distances to
water-bodies and areas covered by vegetation were assessed based on pre-outbreak images provided by the Landsat 5TM
satellite. A strong inverse relationship between the number of humans infected by SLEV and distance to high-vigor vegeta-
tion was noted. A statistical non-hierarchic decision tree model was constructed, based on environmental variables repre-
senting the areas surrounding patient residences. From this point of view, 18% of the city could be classified as being at high
risk for SLEV infection, while 34% carried a low risk, or none at all. Taking the whole 2005 epidemic into account, 80%
of the cases came from areas classified by the model as medium-high or high risk. Almost 46% of the cases were registered
in high-risk areas, while there were no cases (0%) in areas affirmed as risk free.
Keywords: landscape epidemiology, remote sensing, risk map, Saint Louis encephalitis, Argentina. 
Introduction
Saint Louis encephalitis (SLE) is a human, mosqui-
to-borne viral disease, caused by the SLE virus (SLEV),
a member of the Flaviviridae family. It is maintained in
enzootic cycles primarily involving passerine birds and
Culex mosquitoes (Monath, 1980). Widely distributed
in the American continent, SLEV has been isolated
from southern Canada to Argentina and is responsible
for a great number of human infections in the United
States. Humans are considered “dead-end” hosts and
less than 1% of SLEV infections are clinically appar-
ent ((Tsai et al.,1987, 1989). Severity ranges from a
simple febrile headache to full-blown meningoen-
cephalitis and increases with age, with encephalitis
more frequently seen in people older than 60 years
(Calisher and Poland, 1980; Calisher, 1994).
According to serological evidence, SLE is widely dis-
tributed in Argentina reaching 50% of the population
in some locations (Sabattini, 1998; Spinsanti, 2000).
Sporadic symptomatic cases of SLE have been report-
ed since 1964 and SLEV strains have been isolated
from humans, Culex mosquitoes and wild rodents
(Sabattini et al., 1998). Between 1998 and 2000, the
human SLEV seroprevalence in Córdoba City was esti-
mated at 13.9% (Spinsanti et al., 2002) with the first
clinical case detected in the summer of 2002 (Spinsanti
et al., 2003). Later studies based on individuals who
attended two different health centres in Córdoba City
showed similar seroprevalence. The risk of infection
was shown to be associated with the presence of
garbage dumps in residential areas or with outdoor
activities at dusk (Spinsanti et al., 2007). The first
notified SLE outbreak in Argentina occurred in
Córdoba province in late January 2005 and affected
47 persons, nine of whom died (Spinsanti et al., 2008).
Two SLEV strains of genotype III were isolated from
Culex quinquefasciatus and C. (Culex) interfor. Diaz
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Fig. 1. South American digital elevation model based on shuttle radar topography mission (SRTM) and false colour NOAA AVHRR
derived image (upper left). The complete Landsat 5 TM scene (RGB=B3-B2-B1) of the central area of Córdoba province is seen bot-
tom left. The right section of the figure depicts a “zoom in” of the studied area (Landsat TM false colour image (RGB=B7-B5-B2),
corresponding to the indicated red square area.
et al. (2006a) and Spinsanti (2009) found increased
human seroprevalence in samples emanating from pub-
lic health centres of Córdoba City. In addition, studies
performed in the city between 2001 and 2004 detected
SLEV infection in other mosquito species, such as
Aedes aegypti, Anopheles albitarsis, Cx. apicinus,
Ae. (Ochlerotatus) albifasciatus, Ae. (Ochlerotatus)
scapularis, and Psorophora spp. (Díaz, 2009).
When remote sensing became available, studies on
vector-borne diseases focused on identifying and map-
ping vector habitats (Barnes and Cibula, 1979; Hayes
et al., 1985), and assessed environmental factors relat-
ed to vector biology (Rogers and Randolph, 1993;
Kitron, 1998; Porcasi et al., 2006a,b). This enlarged
the scope of  epidemiology (Linthicum et al., 1999;
Murray 2003; Rotela et al., 2007) and encouraged
Wood et al. (1992) and Glass et al. (1992) to investi-
gate the application of remote sensing and spatial
analysis to identify and map landscape elements that
collectively define vector and human population
dynamics related to disease transmission. Indeed, land-
scape pattern analysis combined with spatial statistics,
allows the recognition of risk predictors suitable for
application in larger regions where field data are
unavailable (Dister et al., 1997; Beck et al., 2000; Tran
et al., 2004). Thus, an analysis based on remote sens-
ing and geographical information systems (GIS)
becomes a powerful tool for disease surveillance and
intervention (Morrison et al., 1998; Rogers and
Randolph, 2003). In this context, spatial risk models
for human exposure to vector-borne pathogens can be
successfully constructed with epidemiological data
(Eisen and Eisen, 2008). The main objective of this
study was to establish the environmental risk levels of
SLEV infection in Córdoba city based on the distribu-
tion of symptomatic cases and the macro-environmen-
tal characteristics provided by remote sensing and GIS.
Material and methods
Study site 
SLE cases were detected predominantly in Córdoba
City (located around latitude 31º24’30’’ S and longi-
tude 64º11’02’’ W), at 450 m above mean sea level
(ASML) located in Córdoba province in central
Argentina (Fig. 1). With a surface of 576 km2 and a
population of approximately 1,5 million (Sbarato et
al., 2004), the urban area constitutes around 37.2% of
the city surface, which is surrounded by agricultural
fields with vegetables, fruits, soya and wheat, inter-
spersed with small native forest patches. The climate is
a semi-dry temperate biome, with an important water
deficit in winter, in spite of the relatively high annual
precipitation level (750 and 800 mm). The rainy sea-
son extends from October to March, with higher pre-
cipitation levels during December, January and
February (Jarsún et al., 2003). 
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Study subjects
The 2005 SLE outbreak started in late January,
reaching the highest notification of cases during the
second week of March and ending by May.
Confirmed cases are defined by the presence of spe-
cific IgM antibody in cerebrospinal fluid (CSF) or
serum plus ≥ 4-fold increase or decrease in neutraliz-
ing SLEV antibody titres in the serum (mainly IgG)
between paired samples (obtained at least 1 week
apart), while a probable case is defined by the demon-
stration of SLEV-IgM antibody in serum or CSF
(Spinsanti et al., 2008). Probable and confirmed
SLEV cases were considered as positive cases in this
study, resulting in 47 cases out of 72 patients studied
in the whole province. Most patients had fever asso-
ciated with meningeal signs, altered mental status, or
both. The infection affected mainly people between
10 and 60 years of age (52.2%) with 40.4% older
than 60 years. The mean patient age was 47.8 ± 24.6
years (range: 7-87 years). Males constituted 63.8% of
those infected and 40% of all cases were either non-
working people or housewives.
Geo-references
A geo-referenced digital neighbourhood map of
Córdoba City, provided by Córdoba municipality,
allowed the location of 35 out of 39 SLE patient resi-
dences (four locations were not found), and the con-
struction of daily human SLE incidence maps.
SLE density map
The average nearest neighbour analysis was per-
formed using ArcMap 9.0 (ESRI, Redlands, CA, USA)
to quantify the spatial distribution pattern of cases.
We selected Euclidean distance and a -1.2 standard
deviations Z-score. The value of observed mean dis-
tance/expected mean distance was 0.9 indicating that
the somewhat dispersed pattern could be random. In
spite of the lack of statistical significance, we used the
Kernel density tool (ArcMap 9.0) to express the densi-
ty of cases around each output raster cell of the case
map (Silverman, 1986). Aiming at discrimination
between high and low SLE density incidence areas
with 99% statistical significance, we took the patient
age variable into account and selected a search radius
of 2,000 m (considering the Culex flight range and city
surface) around each residence. To fit the Landsat 5
TM raster images scale, an output cell size of 30 x 30
m was chosen.
Satellite imagery and preprocessing
The Landsat-5 (L5) satellite was launched on 1
March 1984, with the Thematic Mapper (TM) earth-
imaging sensor onboard. The TM has six 30-m reflec-
tive bands and one 120-m thermal band. The TM
bands have centre wavelengths of approximately 0.49,
0.56, 0.66, 0.83, 1.67, 11.5 and 2.24 m, respectively,
with raw and calibrated data products quantized to the
8-bit level (Chander et. al, 2007). The satellite orbit has
a mean altitude of 705 km providing a 16-day tempo-
ral resolution, 233-orbit cycle over a 185-km swath
(http://landsat.usgs.gov/about_landsat5.php).
The Landsat 5 TM image (path: 229 - row: 82) was
received by the CONAE ground station (Centro
Espacial Teófilo Tabanera) on 4 January 2005, just
before the first SLE notification. It was geo-referenced
with the Envi 4.1 software, using image to image tech-
nique (Richards and Jia, 2006) and ground control
points selected from Landsat 5TM base image (geo.tif
format), obtained from “Earth science data interface
at the global land cover facility” website (http://
glcfapp.umiacs.umd.edu:8080/esdi/index.jsp). With a
0.4 RSM error, a 1st order polynomial warping func-
tion was performed, selecting nearest neighbour as the
resampling method. TM digital numbers were con-
verted to radiance (reflectance above the atmosphere)
using Envi 4.1 software and available post-launch
gains and offsets (http://landsat.usgs.gov/index.php).  
Generation of thematic maps
An 882 km2 image subset, including Córdoba City
and its immediate surroundings, was used to create a
new set of environmental variables derived from the
satellite image by means of Envi 4.1 (2004). These
contained three tasseled cap indexes, i.e. soil bright-
ness (represented as brightness), green vegetation (rep-
resented as greenness) and a third index estimating the
interrelationship of soil and canopy moisture (the
moisture status) (Kauth et al., 1979; Crist and Cicone,
1984; Jensen, 1986; Yang et al., 2006) and the nor-
malized difference vegetation index (NDVI). The lat-
ter, derived from the red and near-infrared (NIR)
Landsat TM and ETM bands, improved sensitivity of
the forest structural and land cover categories.
Responsive to changes in plant biomass, vigor and
leaf-area (Jensen, 1986), negative NDVI values indi-
cate absence of vegetation, while values near +1 corre-
spond to dense, green vegetation. Positive values just
above zero indicate vegetation with scarce covering
such as rocks or exposed soil. 
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Fig. 2. Vegetation buffer zone image. Temperature colour ramp represents distances to the vegetation class expressed in pixel units
(28.5 x 28.5 m spatial resolution). Red pixels correspond to areas closer than 28.5 m from the high-vigor vegetation areas (derived
from NDVI assessment). Black pixels correspond to areas farther away than approximately 850 m.
Maps of landscape elements related to SLEV eco-
epidemiology were elaborated by different techniques.
The vegetation class map of Córdoba City and sur-
roundings, containing parks, squares, wastelands, as
well as vegetation along roads and railways or
between crops (linear habitats) was prepared by select-
ing pixels with NDVI index threshold values between
0.62 and 1. In order to eliminate the effect of building
shadows on the radiometry of images, and to avoid
erroneous classifications, we divided the row of satel-
lite bands (B1-B2-B3-B5-B7) by the NIR band (band
4). Based on these corrected values, we generated
qualitative hydrological maps that could be related to
mosquito larval habitats. For this purpose, we applied
a supervised maximum likelihood classification, creat-
ing three hydrological categories: lentic water bodies
(ponds, lakes and quarries), lotic water bodies (La
Cañada creek and the Suquía River) and a general
hydrology map of the city (including lentic and lotic
items). All these thematic maps were validated by the
use of ground control points, expert field knowledge,
and checked by high-resolution images from Google
Earth (http://earth.google.com).
Distances or buffer zone images were created based
on the thematic maps. In these images, every pixel had
a value defined as the distance from that pixel to the
nearest pixel of the selected class (or classes). A maxi-
mum distance value was designated and the result for
any pixels with a distance larger than such a value was
set to the maximum distance value. The following
buffer images were created with a range from 0 to
5,700 m (0 to 200 pixels):
(i) distance to vegetation class (areas with high den-
sity and high vigor vegetation such as parks,
squares, wastelands, green spaces and linear habi-
tats), see Fig. 2;
(ii) distance to lentic water bodies (quarries, ponds,
lakes, temporary ponds);
(iii) distance to lotic water bodies (“La Cañada” creek
and “Suquía” river); and
(iv) distance to mixed water bodies (lotic and lentic
together).
Finally, a synthetic image database was constructed
containing all information from the new RS bands or
layers created (Table 1).
Statistical analysis and modeling
By the use of the region of interest (ROI) tool (see
Envi 4.1), each patient location was transformed from
a single vector point (.evf format) into a ROI of 3 x 3
pixels, including their residencies (central pixel) and
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surrounding environment. This tool allows extracting
information of a raster data set or a single band, by the
ROI overlap area. The Córdoba region included 35
SLE patients (258,859 m2 or 315 pixels), considered as
samples of environmental SLEV risk areas, from
where we obtained the statistical distribution of the
315 pixel values, for each of the 13 predictive vari-
ables derived from the Landsat image. Correlation
between all variables was run, considering subsets
obtained from each variable ROI of 315 pixels as
input data. Redundant or highly correlated variables
(Pearson’s P = 0.7 to 1) were eliminated from the data
base. From the remaining data, predictive variables
were selected when discriminate function analysis,
between ESL cases ROI and whole city pixels, were set
at medium or high discrimination.
The SLE environmental risk map
A statistical, non-hierarchical decision tree model
(Breiman et al., 1984; Venables & Ripley, 1994) based
on predictive variables was constructed taking into
account parallelepiped classification approaches
(Richards 1999; Albert et al., 2000). Envi 4.1 software
was used to generate the decision tree model classifica-
tion from TM imagery and its derived environmental
information. In this non-hierarchical tree structure,
each decision node results in two branches, and each
expression within the decisiontree classifier, represents a
single, binary decision (true or false for each pixel). At
each new split in the tree, the same exercise is conduct-
ed and the tree grows until it reaches its terminal nodes,
i.e. the leaves. This is known as the top-down approach
(Xu et al., 2005) where each leaf represents a unique set
of pixels, which defines the risk level output depending
on the number of fulfilled decision nodes.  
Results
The dispersal of notified SLE cases throughout the
city during the disease outbreak is represented in Fig.
3. The principal part of the dispersion was observed
between days 11 and 49 of the epidemic, with patients
remaining in the central and north-central areas from
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Calibrated Landsat 5 TM bands Wavelength (µm)
(1)    Band 1
(2)    Band 2
(3)    Band 3
(4)    Band 5






Landsat 5 TM derived indexes:
(6)    Normalized difference vegetation index (NDVI)
(7)    Tassled Cap 1 - Brightness
(8)    Tassled Cap 2 - Greenness
(9)    Tassled Cap 3 - Third
200 pixels distance buffer image:
(10)    Distance to vegetation
(11)    Distance to lentic water bodies
(12)    Distance to lotic water bodies
(13)    Distance to mixed water bodies
Table 1. Synthetic image structure showing all bands derived
from Landsat 5 TM satellite sensor and GIS. Calibrated Landsat
5 TM bands 1, 2, 3, 5 and 7, were divided by band 4 (0.76 -
0.90 µm) to reduce the shadow effect of buildings and vegeta-
tion. 
Fig. 3. The left side shows the dynamic diffusion pattern of SLE-registered cases during the 2005 outbreak in Córdoba City (time
expressed in days, i.e. the bigger the circles, the earlier the appearance of cases). The right side is a thematic map depicting high- and
low-density clusters of confirmed SLE human cases in Córdoba City (January to May 2005) and their relationship with patient age. 
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day 50 to the end of the epidemic. We found an inverse
linear relationship between the number of SLE cases
and distance to high-vigor vegetation as estimated
through the NDVI, i.e. R2 = 0.58 - (y = 0.194x + 3.84).
The median distance between patient location and this
vegetation class was 191 m (6.7 pixels) with a mini-
mum of 0 m, a maximum of 598 m (21 pixels) and a
standard deviation of 123 m (4.3 pixels). More than
67.5% of all cases were recorded as living closer than
250 m to high vigor vegetation and 95% of them no
further away than 325 m. Finally, when taking into
account all the patients locations and surrounding
(3 x 3) pixels, the logarithmic regression (y = -3.55
Ln(x) + 23.17) showed R2 = 0.76 (Fig. 4). On the other
hand, no relationship was found between the number
of cases and the other buffer images generated, i.e. nei-
ther lentic, nor lotic or mixed water sources.
The decision tree model
Band1/band4, band7/band4, tasseled cap 2 and the
buffer image to high-vigor vegetation sources were
selected as predictive variables for developing the
SLE tree risk model. Decision criteria nodes for the
construction of the decision tree model are showed in
Fig. 5. 
The assignment of risk levels was performed in a
non-hierarchical manner. Levels that fulfilled four
node criteria were classified as high-risk, three nodes
medium- to high-risk, two nodes medium-risk, while
one node alone signified low-risk. Those that did not
fulfill or survive any node criterion were considered
not to be at risk. As shown in the SLE environmental
risk map (Fig. 6), 8.5% of the whole 882 km2 image
subset was classified as high-risk areas and 38% as no-
risk areas. This high percentage of no-risk areas was
related to the great percentage of croplands, wood-
lands and unoccupied areas in the subset.
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Fig. 4. Relationship between distance to the vegetation class and
region of interest (ROI) pixels from influence area of SLE cases. 
Fig. 5. SLE risk decision tree model showing decision nodes variables and data range, including the percentage of pixels that “sur-
vived” each decision and each risk class map percentage (DTM terminal nodes or leaves) referring to Córdoba City and surround-
ing areas (30.4  x 29 km).
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Fig. 6. Top: map of environmental vulnerability to SLE in Córdoba City (different colours represent different SLE risk levels for the
2005 outbreak) with a “zoom in” showing light blue circle areas, wherefrom cases of the SLE 2005 outbreak were reported. Bottom:
number and distribution of the pixels in each risk map class, for the whole city (cylinders) and for the patient regions of interest (cubes).
To obtain the real percentage of areas at high envi-
ronmental risk for SLE, we performed an analysis of
the risk based on urban pixels (including parks,
squares, unoccupied places, etc.), eliminating crops
and surrounding agricultural systems through mask-
ing. The SLE environmental vulnerability map showed
that 17.9% of the whole city could be considered as at
high-risk for SLE with 34.1% at no- or low-risk. Of all
registered cases, 46% were from areas considered
high-risk and 80% from areas classified as high-risk or
high- to medium-risk (Fig. 6). 
Discussion
In spite of the complexity of the SLE outbreak analy-
sis, GIS depicted the distribution patterns of sympto-
matic cases well, including the spatial relationships
among cases and variables of the macro-habitat
derived from remote sensing. The decision to use the
patient homes for positioning was based on the greater
SLE incidence in patients over 60 (Spinsanti et al.,
2008), who usually remained at home at night and thus
had more contact with surrounding areas. This deci-
sion was also based on the temporal feeding activities
(at dusk or night) of potential SLEV vectors and that
SLEV infection of poultry (domestic birds) was associ-
ated with notified human SLE cases in 2005 (Diaz et
al., 2006b). In addition, in lieu of anything better we
choose the residential address as the best way to avoid
miss-location of places where infection took place.
With respect to the space-time outbreak analysis, the
dispersion patterns observed differed significantly
from previous studies on dengue epidemics in South
America, where dispersion patterns were in the order
of hundreds of meters in response to mosquito range
of flight (Tran et al., 2004; Rotela et al., 2007).
Although the mechanism of introduction and spread
of SLE cases throughout Córdoba City remains specu-
lative, there are probable explanations for the vast dis-
tribution patterns of distances found, e.g. delayed
symptoms not picked up by the surveillance system,
great numbers of asymptomatic SLE and underreport-
ing (Tsai et al., 1987; Spinsanti, 2009). Other reasons
include citizen movements during transmission hours
and unknown contact with hotspot neighbourhoods. 
The potential role of birds in the SLEV cycle of viral
transport and dispersal is a mechanism that needs to
be explored as it could well explain urban dispersion
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patterns at distances greater than 2,000 and 4,000 m.
For example, studies of Townsend Peterson et al.
(2003) have pointed out the critical role of birds in
long-distance transport and dispersal of West Nile
virus in the Western hemisphere. Following up on this
theme, we consider that movements of infected birds
around the City could be the main origin of this long-
distance SLEV dispersion pattern. Recent studies in
Córdoba city lend credence to this theory by confirm-
ing SLEV antibodies in an increasing number of native
birds (Diaz et al., 2006b). Another supporting fact is
the ongoing destruction of wild-bird habitats in
Córdoba province, provoked by native massive forest
contraction, resulting in the loss about 76% to 94% of
original lowland and mountain subtropical dry forests
and woodlands between 1969 to 1999 (Zak et al.,
2003). Obviously, without representative human sero-
logic samples from the entire city, it is difficult to
establish the true patterns. However, we consider that
we would understand the system better after renewed
mosquito and human studies in Córdoba City coupled
with serological studies of birds during capture-
release-recapture activities as this would reveal the
role of each member in the SLEV epidemiological web.
Macro-level factors related to the SLEV transmission
presented in this paper, such as vegetation proximity,
are linked to potential SLEV vector habitats or resting
areas as pointed by Cook et al. (2006), but a more pre-
cise analysis of each factor would be necessary to
achieve a full understanding of these relationships.
Similar relationships were found by Brownstein (2002)
and Ruiz et al. (2004) for West Nile virus in New York
and Chicago, where patterns of human cases were pos-
itively associated with vegetation abundance.
Regarding potential mosquito breeding places
(water bodies) derived from the satellite images, a
major limitation is associated with Landsat TM image
spatial resolution (pixel size) and the lack of GIS lay-
ers that shows drains and sewers. We therefore suspect
that we are unable to fully estimate the habitats of
Cx. quinquefasciatus involved in the SLEV transmis-
sion cycle based only on this kind of satellite-derived
data. These mosquitoes are peridomestic, and suitable
breeding habitats are often associated with the dispos-
al of sewage and industrial waste (Monath, 1980),
which is generally hard to detected by this type of sen-
sor images. 
As pointed by Hay et al. (2000), the usefulness of
the type of predictive maps we are concerned with
should be confirmed with the study of medium-scale
and micro-scales parameters, including prevention fea-
sibilities for the next epidemic wave. Taking into
account the SLE notified symptomatic cases of the
2005 outbreak and high SLEV prevalence in humans
(13.3%, 16.5% and 31.0%) found in three different
public health centers by Spinsanti (2009), we assume
that a very low percentage of people infected by SLEV
were registered due to clinical symptoms. This fact
demonstrates the high rate of transmission of the virus
in the region and the importance of performing stud-
ies to determine the transmission hotspots through
serologic surveys.
We consider that the adoption of active arbovirus
surveillance systems is an efficient tool for prevention
and mitigation of SLE outbreaks as it would help deci-
sion-makers and stakeholders to optimise health sys-
tem responses and focus on prevention. The decision
tree has proved a practical tool for highlighting and
weighting susceptible areas of SLEV transmission. Our
approach has been shown to facilitate the understand-
ing of vector habitat preferences that can promote out-
breaks in certain areas, especially those where envi-
ronmental field data are not available. 
The results presented here support the use of remote
sensing and GIS in a multidisciplinary prediction and
surveillance of epidemics as well as in establishing
strategies for SLE control. The goal, feasible only
when a precise geo-referencing system is available, is
however limited, mainly by the quality of SLE notifi-
cation and missing enzootic surveillance of mosquitoes
and birds.
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